Dogs are one of the most popular pets in the world, and more than 10 million dogs are bred annually in Japan now (JPFA, 2013). Recently, primitive commercial services have been started that record dogs' activities and report them to their owners. Although it is expected that an owner would like to know the dog's activity in greater detail, a method proposed in a previous study has failed to recognize some of the key actions.
INTRODUCTION
There are services for dog owners that record dog's activity in the form of life logs and report it to them. Examples of the services include the one provided by Whistle Lab's "Whistle" (Whistle Labs, 2013) and NTT docomo's "pet fit" (NTT DOCOMO, 2014) . These commercial services recognize raw actions such as "walking", "running", "resting" and "sleeping". These services themselves are evidences of the demand to learn pets' behavior when the owners are away. However, the variety of actions recognizable by the current commercial services is limited and far from being satisfactory. In our analysis, which will be verified in Section 2 by analyzing the results of a questionnaire, there are three aspects of the demand for pet activity monitoring. The first aspect arises from the interest in short-term healthcare. The second aspect originates from the interest in long-term healthcare. The third and final aspect is related to problematic behavior of pets.
For example, vomit reporting is desired for a pet monitoring system because the action is directly related to internal health condition. The action should be detected from the aspect of short-term healthcare.
Eye-scratching is an action that can lead to a serious disease if repeated multiple times. If a pet monitoring system reports the number of times the action is occurred, early treatment by a veterinarian is possible and a serious condition can be avoided. Therefore the detection of the action is desirable from the aspects of long-term healthcare.
In Japan, approximately 70% of the dogs share the life space with human beings. In such circumstances, the pet may exhibit problematic behavior such as biting the furniture and entering the places where it should not, especially in the absence of owner. The owners need to know the problematic actions in order to take appropriate corrective measures, hence the third aspect of the demand for pet monitoring. An action related to this aspect is jumping. It is problematic because it could reflect pets' intention to touch things at higher place, which are kept there by the owners so that the pets could not play with them. Although there is a study on monitoring the actions of a dog, the accuracy of detection for those actions is not high.
In this article, we propose a method to monitor dog's behavior, which is especially effective in the recognition of those actions whose demand of detection is high, according to our analysis of the demands of the owners. The remainder of this paper is organized as follows. In Section 2, we will investigate and analyze a questionnaire to see whether there is a background to the kind of needs. In section 3, we will write about the work related to the activity recognition of the dog and the search technique of time series data. In Section 4, we will present the algorithm for the calculation of Euclid distance, DTW distance and DTW-D distance. Section 5 is dedicated to the description of the experiments. We will describe the experimental environments, experimental procedures, experimental results and discussion. In Section 6, we will discuss the conclusions and recommendations for future works.
QUESTIONNAIRE SURVEY FOR NEEDS

Questionnaire Result
We performed a questionnaire survey with pet owners in order to investigate which actions of the pets should be recognized by a remote pet monitoring system. The questionnaire listed 22 typical actions of the pets and the owners were asked to tell if they were interested in knowing their occurrence when they were away. Furthermore, a free-format comment field was provided to collect the reasons why the owners were interested in knowing those actions. Figure 1 shows the questionnaire results and Table 1 shows the comments filled in the free-format field. The action that gathered the most interest from the owners is vomiting. In addition, the questionnaire result and the freeformat description suggest that many owners are concerned with the health condition of their pets.
Questionnaire Analysis
Let us focus on behaviors in which more than 70% of the owners are interested. "Vomiting" and "shivering" directly reflect the health conditions of dogs, thus their monitoring is desirable from the aspect of shortterm healthcare. "Coughing" can suggest respiratory diseases if its frequency is unusually high and so its monitoring is desirable from the aspect of long-term healthcare. "Scratching" can lead to a serious disease if done repeatedly and therefore its monitoring is also desirable from the aspect of long-term healthcare. "Barking", "chewing", "drinking", "eating", "urinating", "defecating" and "jumping" are potentially problematic actions. "Barking" could make the neighbors complain. "Chewing" may indicate damage to the furniture. The problem with "drinking" and "eating" is that a pet might eat or drink something that the owner does not want it to. "Urinating" and "defecating" could mean a blunder. With "jumping", a dog may try to take things at high places. As a result, the eleven behaviors in which more than 70% of owners are interested are related to the three aspects introduced in Section 1. 
RELATED WORK
Activity Recognition for Dogs
There is a study on activity recognition (Ladha et al., 2013) . They use PCA-based feature extraction and empirical cumulative density function (ECDF) . They sample acceleration data at 30Hz. The acceleration data are divided into onesecond frames and each frame is analyzed separately. A frame has 50% overlap with its predecessor and is created with sliding window procedure based on (Plötz et al., 2010) . Each frame is labeled using the movie which is recorded by one annotator. The feature vector of each frame is trained and tested using 10-fold cross validation and is classified in each of the 16 actions and one rejection class using k-NN (k=1). They show the result as a confusion matrix. In their study, jumping in which 70% of the owners are interested is not recognizable. Furthermore, seven actions are with less than 50% recognition accuracies in their study, and recognition accuracy is less than 80% for 12 actions. Therefore, we must say that there is room for improvement in the recognition accuracy. 
Time Series Data Mining
Searching and Mining Trillions of Time Series Subsequences under Dynamic Time Warping
There is a problem of finding a subsequence that is similar to a query sequence in a large scale time series data. The problem is solved by calculating the distance between the sequences and the query using Dynamic Time Warping (DTW). However, the computational cost of DTW is high. As time series data, that is to be searched, becomes longer, the number of calculations of DTW increases linearly. As a result, the computational time for the search becomes enormous. The study proposed a method to solve the problem by eliminating unpromising candidates at early stages.
DTW-D: Time Series Semi-Supervised Learning from Single Example
Time series data with little up-and-downs tend to become close to any data in DTW distance. Because of this, a sequence with significant temporal change could be classified as data without one. In order to avoid a situation like this, Chen et al. proposed a distance measure called DTW-D.
ALGORITHMS FOR SIMILARITY CALUCULATION
Suppose there are two sequences X = x i |i = 1, ..., N ,Y = y j | j = 1, ..., M . We would like to measure the distance between X and Y in order to measure the similarity of the sequences of X and Y in waveforms. The smaller the distance, the more similar X and Y. Some distances are commonly used.
Euclidean Distance
Euclidean Distance (ED) is the classic scale for measuring the similarity among the time series data. It is measuring the distance between the time series data of the same length. It is determined by summing up the distances between the data at the same time index.
Figure 2 is a figure of alignment of the Euclid distance. 
Classical DTW
A weak point of the ED is that it tends to be large when the time series data are out of phase. Dynamic Time Warping is a technique used to find distance more flexibly between time series data than ED. Figure 3 shows alignment of the data points that is used to calculate the DTW distance. At first, we calculate cost matrix C ∈ R N×M which is defined by the distance between each element using equation (2). An example of the cost matrix is shown in Figure 4 .
Then, we calculate accumulated cost matrix AC using equation (3). An example of the accumulated cost matrix is shown in Figure 5 . 
DTW distance is AC (N, M) . We have shown the above-mentioned algorithm in Algorithm.1.
DTW-D
Let us consider to calculate the distance between each sequence R, G, B in Figure 6 . If we use ED measure, the alignment of data points will be similar to that in Figure 7 . On the other hand, if we use DTW measure, for j = 2 to M do 17:
end for 19: end for 20: return AC(N, M) the alignment will be like that in Figure 8 . In both cases, the counter-intuitive result that G is more similar to R than B is, will be derived, as shown in Figure  9 .
In order to avoid a situation like this, Chen et al. (Chen et al., 2013) proposed a distance measure called DTW-D. DTW-D is calculated by equation (4) where ε is a small positive constant placed in order to avoid the division by zero. As shown in Figure 10 , based on DTW-D, B is more similar to R than G is. Figure 10: DTW-D distance is the distance that DTW distance divided by ED.
DTW−D(x, y)
= DTW (x, y) ED(x, y) + ε(4)
EXPERIMENTAL PROTOCOLS
Experimental Environments
The experimental subjects and environments shown in Table 2 . The conditions of the experiment are as follows. The acceleration data was collected at sampling frequency 25Hz. The video was recorded in order to put the ground truth label. We prepared the acceleration sensor shown in Figure 11 on the left side. The sensor was attached to the neck of the dog as shown in the Figure 11 on the right side. The acceleration sensor which we used for the experiment is AX3 Watch of Axivity (Axivity Ltd., 2011). The sensor is equipped with 3 axes MEMS which works as an accelerometer. Sampling frequency can be selected from several predetermined values provided by the tool between 12.5Hz and 800Hz. It has a mounted NAND flash memory of 512MB to store the data. The maximum recording time is 14 days at 100Hz, and 30 days at 12.5Hz. Measurement range of the acceleration is ±16g. This sensor has IP68-rated dust-and water-proof capability that is standardized by International Electrotechnical Commission 60529. Acceleration data is transferred to the PC from the sensor by using USB. We have shown the definition of the activity of the dog in Table 3 . Figure 12 shows appearance and dimension of the subjects.
Experimental Procedures
Procedure of Our Approach
Using ELAN (MPI for Psycholinguistics, 2013), which is a tool for video annotation, every sample of the acceleration data is labeled. The label consists of one of 10 activities shown in Table 3 . "Unspecified" label is given to the behavior that cannot be judged as one of the 10 activities. Let us call a subsequence of 25 samples a frame. A new frame is created by sliding the 25-sample window forward by one sample. As a result, adjoining two adjoining frames shares 24 samples of each other, that is 96% of the frames. When the same ground truth label appears in more than 20 samples in a frame, that is 80% of the frame, the whole frame is given the ground truth label. This is because, average F-measure became maximum at 80% in 52%∼100%. Otherwise, the frame is labeled "mixed" and used for the test and training frames, but that frame is not listed in a result. We choose one frame from all frames and set it aside as a test frame. Remaining frames is assumued to be training frames. The test and training frames are chosen so that there are no shared samples. The distance between the test and training frames is calculated using each of the Euclidean, DTW, and DTW-D methods. We infer a label of a test frame from the label of the training frame nearest to the test frame. In other words, we used the nearest neighbor method. This is because, in a preliminary study comparing performance of k-nearest neighbor methods for the data, average F-measure became maximum at k = 1 in k = 1, 3, 5. Recognition accuracy is calculated through cross validation. Overview of the experimental setting is shown in Figure 13 .
Procedure of Existing Approach
The existing PCA-based approach was also applied to our data set. Each parameters were chosen to be as close as possible to the existing study. A new frame is created by sliding the 25-sample window forward by 13 samples. As a result, adjoining two adjoining frames shares 12 samples of each other, that is 48% of the frames. When the same ground truth label appears in more than 19 samples in a frame, that is 76% of the frame, the whole frame is given the ground truth la- bel. We choose one frame from all frames and set it aside as a test frame. Remaining frames is assumued to be training frames. In some cases part of the test frame and training frames have 48% overlap. Each frame is normalized by inverse ECDF. We projected them into first 25 principal components in order to reduce the dimension of the feature of the frames. The distance between the feature vectors of the test frame and training frames are calculated. The label of the test frame is estimated using nearest neigbor method. Recognition accuracy is calculated through leave-one-out cross validation. Table 4 and Figure 14 show accuracies and confusion matrix of our approach obtained through the experiments using data of the two dogs. Table 5 and Figure 15 show accuracies and confusion matrix obtained through the experiments using data of Yuzu alone. Table 6 and Figure 16 show accuracies and confusion matrix obtained through the experiments using data of Oreo alone. In Table 4 , 5 and 6, a cell is marked red if the corresponding distance measure gives the best result among the three measures. According to Figure 4 , the DTW-D has yielded high F-measures as compared to the DTW and ED. Using DTW-D, subtle differences in the actions of the dog are recognized more precisely than using the DTW and ED. With DTW-D, it is expected that the accuracy of activity recognition will be stable even when the number of actions to be recognized increases. If an action appears only in a part of a frame, such as jumping, it is difficult for a statistical method to detect the difference in the feature value from other actions.
Experimental Results and Discussion
Analyses of the Result of Our Approach
It can be explained that a few samples with significant feature can be obscured by many ordinary samples in a statistical method. On the other hand, the methods that calculate the similarity of waveforms, such as DTW, are able to detect the difference resulting in superior accuracy.
In "drinking", F-measure of DTW-D is lower than F-measure of ED and DTW. The reason is because a part of "eating" frames are estimated to be "drinking" frames as shown in Figure 14 . "Scratching" has resulted an extremely low F-measure. There are only 47 frames of "scratching" in the data. The recall cannot be good simply because of the shortage of the data. The resulted few true positives are further overwhelmed by vast amount of false positives, yielding the poor precision. This can explain the remarkably poor F-measure.
The F-measures from the data of the two dogs roughly falls between those of Yuzu-alone and Oreo- alone. However, there are some behaviors that has resulted very poor F-measures in the one-dog data, such as "shaking" for Yuzu and "sitting" for Oreo. Improving them is a challenge for the future. Figure 17 show accuracies and confusion matrix of the existing approach obtained through the experiments using data of the two dogs. Comparing this with Table 4 and Figure 14 , it can be said that our approach has resulted higher F-measures than the existing approach. This could be explained by a theory that the amount of data might be too small to perform the statistical feature extraction. We also think that valuable information of the data could have been lost by the interpolation used in the existing approach.
Comparison with the Existing Approach
CONCLUSIONS AND FUTURE WORKS
Conclusions
As seen in the emergence of commercial services that recognize simple behaviors of the dogs and to record them as life log, the desire to record the behavior of the dog has been increasing. However, the activity recognition ability of the services is limited and the need to record more detailed actions will arise in the future. We have investigated the needs and analyzed what kind of actions of the dog should be recognized by a pet monitoring system. As a result, we have found that there are three aspects of the demand for pet activity monitoring, namely, short-and long-term healthcare and problematic behavior. The action that the owners wanted to know the most was "vomiting". Furthermore, we have found that there are approximately 70% of the owners who would like to moni- tor "jumping", whose recognition accuracy was low in the existing study (Ladha et al., 2013) . We observed that the reason behind low recognition accuracy of "jumping" was that they used statistical technique in the study. In addition, in our data set, our approach has higher F-measure than the existing approach. Therefore, we focused on the waveform of time-series data. We applied DTW-D, which is a method to measure the similarity of the waveform, to activity recognition in dogs for the first time. As a result, recognition accuracy for "jumping" is particularly improved as compared to the previous study. It can be said that it is difficult for a statistical method to differentiate an action which appears only in a part of a frame, such as jumping. On the other hand, methods that calculate the similarity of waveforms such as DTW perform well for the actions and result better recognition accuracy. "Vomiting" which is the most desired action to be monitored, is also a brief action. We are optimistic to detect it better with DTW-D.
Future Works
Measurement of Heart Rate and Respiratory Rate at Rest
By measuring the respiratory rate and heart rate at rest, it is possible to detect the heart or lungs diseases at early stages. It also makes it possible for dogs to receive the appropriate treatment by a veterinarian. For human beings, there is a study by Poh et al. (Poh et al., 2011) . However, because this study measures the transition of the reflection of light in the skin, application of this method to dogs with lots of hair is difficult. Therefore, we think that the measurement of heart rate by acceleration sensor is effective.
Pet Location Monitoring in a Room
Whether the behavior becomes problematic or not depends on the place where the pet is kept. If the detailed position of the dog in the room was available, it would further enhance the usefulness of the activity recognition. The research of Paasovaara et al. (Paasovaara et al., 2011) could be a hint. Their study proposed the concept of human-dog interaction with social media. They planned to use a RFID device for indoor position detection as one of human-dog interactions.
Improvement of Recognition Accuracy
There are actions whose accuracy is low in this research and the existing research. We think that further improvement in accuracy becomes an issue. Many small sensors are available now. By the analysis of the behavior with low recognition accuracy, it can be decided what kind of sensor needs to be added. Currently, we are focusing on using sound. We want to improve the accuracy by adding microphone as a sensor in future.
Further Inspection of the Validity of Our Approach
We cannot say that our approach has been sufficiently validated by experiments shown in this paper, both in terms of the number of individual dogs and the variety of breeds. Ultimately we would like to have higher F-measures for any unknown dogs. However, as the first step, we will carry out an experiment using many dogs of the same breed and do cross validation between individuals to verify the robustness of the approach among the same breed.
